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Research on multi-speaker voice recognition based on a multi-
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Abstract Voice recognition is a technique used to determine a speaker’s identity by comparing speaker voice features.
The process typically involves extracting acoustic features from variable-length speech segment of single speaker. Then,
speaker features are extracted from these acoustic features in the model. Finally, cosine similarity is used to determine
whether two voice segments originate from the same speaker or different speakers. In the case of multi-speaker voice
recognition, the goal is to identify individual speaker from audio segment containing multiple speakers’ s voice, the
primary challenge lies in extracting discriminative features of speakers. To address the problem, a Multi-Granularity
Feature Fusion model (MGFF-TDNN) is proposed. A two dimensional depth-wise separable convolution module (DSM) is
utilized as the front-end feature extractor to enhance modeling of time-frequency domain features. Additionally, to achieve
multi-granularity feature fusion, a multi-granularity fusion structure (M-TDNN) is designed, which employs a time-delay
neural network and phoneme-level pooling to capture information at various granularities. Experiments on the VoxCeleb
dataset demonstrate that the MGFF-TDNN model delivers strong speaker voice recognition performance while utilizing
fewer parameters(4.78M) and computational resources(1.49G FLOPs).
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Fig. 1 The overall architecture diagram of the MGFF-TDNN model
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Tab. 1 Detailed architecture of the MGFF-TDNN network
Stage Structure Output_size
input 80xT
unsqueeze 1 x80%XT
conv_1 3X3,32 32x80xT
1x1,32%x6
ResNet-1 dw3 x 3,192,5 =2 32x40%T
1x1,32
1x1,32%x6
ResNet-2 dw3 x 3,192,5 =2 32x20%T
1x1,32
1x1,32%x6
ResNet-3 dw3 X 3,192,5 =2 32X 10X T
1x1,32
reshape 320x T
convld X 1, 64
MTDNN Block-1 convld X3, 64, d=1|%x3 128 X T
convld X 1, 128
convld X 1, 128
MTDNN Block-2 convld x 3,128,d =2 (%6 256 x T
convld X 1, 256
convld X 1, 256
MTDNN Block-3 convld X 3,256,d =2 |%x 4 512xT
convld X 1, 512

Statistics pooling

FC + BN

T F A Y MTDNN BeAN 5126 T 2L L
ef=[el,ep}'s, (6)
X s SR I AE , o (+) 7 Sigmoid BREL,8(+) &
TSR T SR [ DRI DS R g R A
JRt AR AR R RAE . W, B W, R — 4
FEUERAE b, RN b, Ay i 00 . 300 2o R 4 5 1) 44 i 7 4
P53 56 A [ or B 4 0 X 285 3 1) BTk A/, RIS ]
B BERHIE B B I BGE . sl ARG s X
PRIARAE [ e,. ¢, | HEAT 150 AT 5Bl A IS AR 1 €, 22
o —4EEF W, TR IS SR A Y TR 2
M, A B Rk e, -
¢, = ReLU(Y + ReLU(BN(W ¢.))),  (7)
e, /EA MTDNN J2 (R85 1, @G 1 A AR BE 09 FRRAE
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B AY MTDNN JZ 40 A%, .3 1> MTDNN 4% He 43 51 60, 45
3,6, 4 %0 1Y M-TDNN J2 , BSR4 S 3 38 18 43
74 128,256,512, 3% 1 ) M-TDNN #LH UL )2
NI FE LT, o T I A A Y 2 8 R
TR AR S N SO 11— R
R B 5 AR 220 B R il R E 22 SR K

S JGUAR AT 48 B T T BRI 4
3 KWEGRTH
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ASCHE TR UL TG A5 IEE U 4 VoxCeleb ™™ I
PEAT T 525 . X4 T VoxCeleb , A SCf FH VoxCeleb2 ™
9 ¥ & B AT 2k, AL 4% 5994 A UL G, Sk
1092009 55 i B, ff F VoxCeleb 1™ (i IT A B2 A
AR T PEAG 2B S L 4 3 2 B AN [ M 2
P AIPEAG ZH : VoxCeleb-O . VoxCeleb-H £l VoxCeleb-
B3 TP Af PR 0 52 J P, A SO T MR 7R R 0l AR
MUSANHIRIR XN 2R 8 Ha b A7 1 HE54 .

ARG e TR Gl NN E =R A 3 I i R TR
fili : 551 R (Equal Error Rate, EER) Fl H AR5 A
0.01 A9 $5c /N I B AR 2R %X (Minimum Detection Cost
Function, minDCF). S5 5515 K & 48 85 1R %32 % (False
Acceptance Rate, FAR) 4515448 (False Rejection
Rate, FRR) M S AU PERE 38 1 B9 (F 6 A 4t P
BORE AR T — AU AL s A o e, 5
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EL
3.3 RS
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P& 1 vk B ALY o, 5 Res2Net 15
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AH R Bk 4 9 R 38.1% . 15.6% F19.7% , X & i T
Res2Net Il 5 - Jay & 44 AF A5, (H 76 4l IR A [R) ok 2
FROE DT AP E AR AR SCEE 1 il it 51 A £
L R AE AL, RS SO A R E R 5 2R
5 B, ¥k #b X — % B2 . A b ECAPA-TDNN, & 4%
ECAPA-TDNN 7E15 3 £AE P 5 A T @ A E T 3¢
R aR ALE AL R K, S eSS
ECAPA-TDNNAH LY , AR SC ) 7 vEAE 2 A rh DU
SRS T RO PEBE BRI FE VoxCeleb1-0
I EER Ml minDCF 235142 5 T 13.6% #123.2%.

1£ VoxCeleb1-0 . VoxCeleb1-E Fll VoxCeleb 1-H Ml 4E I AN [A] 25 2844 Y EER 1l minDCF P RE 5%

Tab.2 EER and minDCF performancecomparison of different network architectures on the VoxCeleb1-O, VoxCeleb1-E, and VoxCeleb1-H test sets

VoxCeleb1-O

# Params/M

VoxCelebl-E VoxCeleb1-O

Architecture

EER/% minDCF EER/% minDCF EER/% minDCF
TDNN'* 4.62 231 0.322 237 0.273 425 0.393
Res2Net™®! 4.03 1.37 0.139 1.27 0.141 226 0.216
ResNet18"’ 13.8 1.47 0.177 1.60 0.179 2.88 0.267
ECAPA-TDNN™' 6.19 1.03 0.112 1.06 0.122 2.05 0.201
MFA-TDNN(Lite )"’ 5.93 0.97 0.091 1.14 0.121 2.17 0.199
DS-TDNN!2#! 6.50 0.90 0.118 1.15 0.140 2.11 0.199
D-TDNN"! 2.85 1.55 0.166 1.63 0.175 2.86 0.257
D-TDNN-L=" 6.40 1.19 0.118 1.21 0.129 2.22 0.205
MGFF-TDNN 478 0.89 0.086 1.05 0.119 1.91 0.195
-w/o DSM 481 1.14 0.117 1.17 0.128 2.11 0.206
-wlo PLP 3.52 1.04 0.114 1.08 0.126 2.00 0.196
-w/o TDNN 2.40 1.22 0.144 1.38 0.150 2.47 0.240

TEJH R EH , DSMASHR AL ER , (L TDNN J T
1 A8 ST ST, DA P55 TS0 15 5 ) i A48 2 R

Fr—F. n] LIEE 3], DSM £E VoxCeleb 1-0 B £4E |
4 EER Al minDCF 43 B2 5 T 21.9% F126.5%. 525



551

TR, 5 < BT 2O B R E RS T A UL AP SR ST 83

L5 SLE I T DSM £ 32 B AR AE T 1T A4 AT R
25k PLP ALHURT TDNN B E 1 25 5 0 70 7 X 4
HPERE A [, SXORIE T 2R B RRAE A A B

T RN T LR () 2 B R R R RE T,
AR CAE VoxCeleb M FIPEAL T AN [RFLAYLE 3 s FlI
5 s BF KA R Y PERE , AN 3 TR A SCHE T Y
MGFF-TDNN #8726 K Z 546 i - #REUAS T 5Lk Y
PERE . BARR UL, 76 3 s IF K40, 5 Res2Net A L,
MGFF-TDNN 7£ 3 4~ 3 4E (1 EER {i AH X B AIE T

24.0% .14.9% F112.0%, 5 ECAPA-TDNN #H L th 3¢
P — 2 AR e Ah A SR 53 A BEAIL S 3k
A (t-Distributed Stochastic Neighbor Embedding, t-
SNE) "' R f AL A [ MR 5 s 7 5 BF K 19 163 Atk
A LI BN fEARRE ) . an& 3 iR, 5 ECAPA-
TDNN 1 Res2Net A b , MGFF-TDNN 42 B 4§ 36 A
XA FE 2 B I B R B TR Y R e
MGFF-TDNN fiff 1535 Atk A B 2L H 14 .

#3  AFEEAE VoxCeleb MIIAE I 3 s FI 5 s B AL A MERE HL AR

Tab.3 Performance comparison of different models on the VoxCeleb test set for both 3-second and 5-second duration groups

VoxCeleb1-O VoxCeleb1-E VoxCeleb1-H
Architecture EER/% minDCF EER/% minDCF EER/% minDCF
5s 3s 5s 3s S5s 3s 5s 3s 5s 3s 5s 3s

Res2Net 1.53 2.54 0.160 0.278 1.43 2.42 0.159 0.266 2.52 4.15 0.245 0.376

ECAPA-TDNN 1.16 2.05 0.143 0.279 1.21 2.10 0.139 0.235 2.30 3.87 0.220 0.358

MGFF-TDNN 1.04 1.93 0.129 0.215 1.19 2.06 0.133 0.236 2.18 3.65 0.221 0.357
. P - Res2Net ,\ECAPA-TDNN I MGFF-TDNN £ 1 {1 52 ¢
e R HE 012 4 T 2444 MGFF-TDNN 1§ Res2Net 17
<} LT, S MGFF-TDNN (¥ 24 £ , {1 H FLOPs
. 2 WA, HL AR B IR R AL T B 5 5 ECAPA-
A - TDNN 4 H . MGFF-TDNN 76 24 il FLOPs ) [T 5
(Y ECABASTONN B Ree2NeL A BT g/, EAE VoxCeleb1-0 M4 19 P REAT OL

B

(¢) MGFF-TDNN
3 ORFIRETISEIU 5413 ALY -SNE i #LAL R
Fig. 3 t-SNE visualization of five speaker features extracted by

different models

AR SCAR H B 2207 B R AIE 5 5 AN A5 5 A
YMe S e 55 BRGNP BT
SCAF B i ELASE FHAS [W] B 48 A 7K - ) Sy
ZRLE R RRIERE G, 1R 1 BB SR IR RE 25
BB TE [ 25 TR I 20 1 AH0RL AR 1Y 0]
SRR -SRI A AT OGN
TIE T2 PN A TR A BE R iE 8 B B, A R R AR Rl 5 7
VEAE SR CRAT & B Ik HLF 0 1 5 A8 0 30 A Ak v
RAFAE EEAE
34 ERESH

BT 4 52 2% B m] LU Z2 A AR BE EA T 20 A, A0 9
PR M RE B S0 AT 0515 & (Floating-Point
Operations, FLOPs) 4¢ 45 . A& 5 )\ b & M B i e

Tk PSR MGFF-TDNN f4 18 B O3 2 il T
T BB AT 43 B A AR, iR T AR BRI i (]
B, A FH 22060 BE R AIE Rl 5 S i b T SR X6 7 By
TERy L RE ), s — 24 TR MR . UL, FE
NGB RRE 1A R % 5, MGFF-TDNN
ALY B SR AL
#4  RFRB VoxCeleb1-0 MK [AISHChE IF 55T
(FLOP) FA&45 8% (EER) 48
Tab.4 Comparison of parameter counts, FLOPs, and EER on the

VoxCeleb1-0 test set across different models

Network Params/M FLOPs/G EER/%
Res2Net 4.03 2.56 1.37
ECAPA-TDNN 6.40 1.55 1.03
MGFF-TDNN 478 1.49 0.89
A
4 L5iE

ARIART Z U005 N5 SOR A AL B AR,
FHAZ A T — P ) 22 b B AR
FER MGFF-TDNN FH F B TE AR . B 58, il
TR 4y B A BUR TR BUR SRR SR L R
FH 2R B RRAIE Rl B O R BRUAS [FDRLEE A AR AE , B
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